Dendritic cells (DCs) 
INTRODUCTION
Dendritic cells (DCs) are unique in their capacity to initiate and modulate distinct types of immune responses, providing immunity against a wide range of pathogens as well as tolerance to self and innocuous environmental antigens (Banchereau and Steinman, 1998) . The capacity to induce different types of immune responses has been attributed, at least in part, to the presence of functionally specialized DC subsets . However, human DC subsets localized in tissues have not yet been harnessed for immunotherapies (Palucka and Banchereau, 2013) . This is in part due to our limited understanding of DC subsets, especially the phenotypic heterogeneity among individuals and tissues. Mapping protein targets in humans is ultimately essential for the development of DC subset-based immunotherapeutics.
DC subsets have been classified based on transcriptome analysis and ontogeny (Heidkamp et al., 2016; Merad et al., 2013; Villani et al., 2017) . The DC network is composed of two major DC subsets, i.e., classical DCs (cDCs) expressing the transcription factor (TF) ZBTB46 and plasmacytoid DCs (pDCs) expressing the TF TCF4 (Cisse et al., 2008; Meredith et al., 2012; Satpathy et al., 2012) . cDCs can be further divided into cDC1s and cDC2s with distinct lineage-specific TFs (Hildner et al., 2008; Schlitzer et al., 2013) . pDCs are generally grouped together despite the fact that some reports suggest the existence of phenotypically and functionally distinct pDC subsets (Matsui et al., 2009; Zhang et al., 2017) . Altogether, these analyses have constituted powerful tools to dissect the diversity of the DC network and identify correlations among mouse and human DC subsets, as well as tissues (Guilliams et al., 2016; Reynolds and Haniffa, 2015) . However, RNA expression does not necessarily predict protein expression (Luber et al., 2010) . For example, the mouse C-type lectin Langerin is expressed homogeneously at the RNA level in cDC1s; however, at the protein level it is differentially expressed among tissues (Idoyaga et al., 2013) and mouse lines (Cheong et al., 2007) . This dichotomy between RNA and protein expression is likely to also emerge in genetically diverse humans exposed to distinct environmental stimuli. Consequently, transcriptome analysis alone may not be sufficient to recognize important DC subset phenotypic differences. Additional factors precluding a more accurate representation of human DC phenotypic diversity include limited tissue sources, small sample sizes, and commonly employed biased flow cytometry analysis of a limited set of surface receptors (<12) (Granot et al., 2017; Haniffa et al., 2012) . Therefore, the need remains for a high-dimensional single-cell characterization 
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and unbiased analysis of DC subsets across tissues and individuals at the protein level. Until now, human DC-based therapeutic strategies have mainly relied on ex vivo generated DCs differentiated from CD14 + blood monocytes in the presence of granulocyte monocyte colony stimulating factor (GM-CSF) and interleukin-4 (IL-4) (Sallusto and Lanzavecchia, 1994) . Unfortunately, monocytederived DCs (moDCs) have demonstrated limited efficacy in clinical trials (Palucka and Banchereau, 2013) . This has been attributed to several obstacles, including the limited capacity of these cells to migrate to T cell-rich areas (Adema et al., 2005) . Accordingly, identifying alternative therapeutic strategies that harness human DC subsets localized in tissues will likely yield improved treatments. In situ DC subsets can be targeted by anti-receptor monoclonal antibodies (mAb) carrying antigens and adjuvants. This approach has shown robust results in murine models, increasing the potency of vaccines by at least 100-fold (Trumpfheller et al., 2012) . Several targeting receptors have been identified in mice, including DEC205 (Trumpfheller et al., 2012) , Langerin (Idoyaga et al., 2011) , CLEC9A (Idoyaga et al., 2011; Sancho et al., 2008) , and XCR1 (Fossum et al., 2015) . Similarly, several receptors have been proposed in humans and tested in vitro in blood DCs or moDCs (Sehgal et al., 2014) . However, to bring this strategy to the clinic, it is imperative to understand (1) the surface expression of these receptors in DC subsets localized at sites of vaccination (e.g., skin) and (2) variation in expression among individuals. With the goal of examining the surface phenotype of DC subsets in humans, we used mass cytometry (CyTOF) and unbiased analysis. We observed more interindividual phenotypic heterogeneity of cDC2s than expected and found evidence that the phenotype of skin DC subsets differ significantly from that of their blood and lymphoid-organ homologs. We characterized a range of phenotypes exhibited by Axl + DCs and their tissue distribution, which aligned with pDCs and not cDCs. Our study represents an easily accessible data resource on DC subsets' phenotypic differences among individuals and tissues that can be exploited for the development of therapeutics. To exemplify this, we correlated phenotype with the efficiency of mAb against surface receptors to deliver vaccine components to distinct skin DC subsets. This dataset reveals unique information that has not been recognized using either transcriptome or low-dimensional flow cytometry analysis and highlights strategies to harness DC subsets for immunotherapeutics.
RESULTS
CyTOF Analysis Shows Unappreciated Surface Phenotypic Diversity within Human Blood DC Subsets To characterize the surface phenotype of myeloid cells in a highly parametric unsupervised fashion, we designed a CyTOF panel of 38 heavy metal-conjugated mAb (Table S1 ). This panel included markers for the exclusion of Lin + cells, basophils, and innate lymphocytes (ILCs). It also integrated a broad range of identity markers that allowed the segregation of previously described human DC subsets, such as BDCA1, BDCA2, and BDCA3, hematopoietic receptors, pattern recognition receptors, costimulatory and co-inhibitory molecules, and chemokine receptors. Parallel analysis by CyTOF and flow cytometry showed similar frequencies of previously described DC subsets, corroborating our CyTOF approach (Figures S1A and S1B).
We then used our CyTOF panel to analyze peripheral blood mononuclear cells (PBMCs) from five healthy donors ( Figure 1A ). To detect cell subsets, we used X-shift clustering, which selects the optimal k-nearest neighbor (kNN) value to separate phenotypically distinct clusters of cells without over-fragmentation (Samusik et al., 2016) . We then visualized X-shift-detected clusters through a t-Distribution Stochastic Neighbor Embedding (viSNE), which uses all pairwise distances to place single cells in a 2-dimensional scatterplot (Amir et al., 2013) . The viSNE plot generated from the merged data represents a map of all myeloid cells present in PBMCs of these five donors ( Figure 1B Figure 1C ). We summarized the median intensity of the markers used in our CyTOF panel for each subset in a heatmap ( Figure 1D ) had high expression of CX3CR1 and CD115, the phenotypic hallmark of patrolling monocytes (Cros et al., 2010) . Importantly, these three subsets of monocytes were phenotypically homogeneous among the individuals analyzed ( Figure S1C ).
Given the predominance of monocytes in PBMC samples, X-shift analysis was unable to detect the diversity of minor myeloid cell populations such as DC subsets. Consequently, to explore the complexity of the DC network, we excluded CD14 + and CD16 + cells by biaxial gating ( Figure S1B ) as previously described (Breton et al., 2015) . Ten distinct clusters of cells were detected by this method, and the median intensity of each marker was quantified and summarized in a heatmap (Figures 1E and 1F) . Cluster 7 corresponded to basophils (HLA-DR
. We identified two clusters (9 and 10) with variable expression of CD34, HLA-DR, CD117, and CCR7, which corresponded to hematopoietic stem cells and early DC progenitors (Villani et al., 2017) . We also found cells with variable (negative to low) expression of HLA-DR that represented ILCs (Simoni et al., 2017) and other cells that could not be deduced from their surface expression profile (combined in cluster 8). (Breton et al., 2015) , and PD-L1, which can inhibit T cell function (Keir et al., 2008) . We identified three distinct (E) As in (B), but X-shift clusters were delineated after CD14 + and CD16 + exclusion.
(F) Heatmap of marker median intensity in clusters identified in (E).
(G) DMT representing clusters identified in (E). Shown are marker cutoff values that define each sub-branch. Please see Figure S1 for CyTOF validation and PCC of donors' monocytes. clusters (3, 4, and 5) as cDC2s based on their high expression of CD11c, HLA-DR, and BDCA1. Finally, we observed a cluster of cells (2) that localized near pDCs but expressed CD11c, probably corresponding to the newly identified Axl + DCs (Villani et al., 2017) .
To identify the key markers that separate each X-shift-derived cluster, we used a divisive marker tree (DMT) ( Figure 1G ; Samusik et al., 2016) . DMT analysis showed that circulating cDC1s diverged from a single node separated by the expression of CLEC9A, a previously reported cDC1-specific marker (Huysamen et al., 2008) . Circulating cDC2s, on the other hand, derived from the BDCA1 node and separated into three distinct clusters based on the expression of CD163 (the scavenger receptor of hemoglobin-haptoglobin-complexes) and CD172a (the ligand of CD47). Finally, pDCs and cluster 2 derived from the same HLA-DR hi node and bifurcated based on the expression of CD11c. Taken together, these data show that high-dimensional unsupervised CyTOF analysis allows delineating formerly described DC subsets, as well as displaying previously uncharacterized heterogeneity in the DC network.
Cluster 2 Corresponds to Axl + DCs and Is Undetectable in Human Skin Our CyTOF analysis clearly identified a minor cluster of cells (cluster 2) localized near pDCs in the viSNE map and unsupervised hierarchical clustering ( Figures 1E-1G ). We first confirmed our X-shift results using principal component analysis (PCA), where cluster 2 again localized between pDCs and cDC2s ( Figure 2A ). Clustering and Pearson correlation coefficients (PCC) based on surface phenotype showed that cluster 2 was present in every donor and grouped separately from pDCs and cDC2s ( Figure S2A ). Biaxial gating of CyTOF data and flow cytometry validation showed that cluster 2 fell within the pDC gate (HLA-DR + CD123 + BDCA2 + ) but expressed higher CD34, CD11c, HLA-DR, and BDCA3 and slightly lower CD123 and BDCA2 ( Figures S2B-S2E ). We then examined the distribution of cluster 2 in lymphoid and non-lymphoid tissues (Figure 2B) . Unbiased analysis clearly detected cluster 2 in tonsil and spleen but not in healthy skin, where pDCs were also absent as previously reported (Gregorio et al., 2010) . We conclude that cluster 2 follows the same tissue distribution as pDCs.
pDC subpopulations have been previously segregated based on the expression of CD2, CD5, CD81, and Axl (Matsui et al., 2009; Zhang et al., 2017) . Recently, a distinct DC subset that clustered near pDCs was identified by scRNA-seq based on the expression of Axl and Siglec6 (Villani et al., 2017) . These cells acquired some cDC markers after culture with stromal cells and hematopoietins, suggesting they may be DC precursors (See et al., 2017) . We asked whether cluster 2 represented Axl + DCs by designing a new CyTOF panel that incorporated these markers (Table S1 , panel 2). Unbiased viSNE analysis with this new panel again segregated a discrete population of cells bridging pDCs and cDC2s ( Figure 2C ). Cluster 2 from our first CyTOF panel mapped within this population of cells but made up only a fraction of them (arrow, light blue, upper left corner) . This bridging population ranged from pDC-like to cDC2-like, expressing high-to-low CD123 and BDCA2 and low-to-high CD11c, BDCA3, CD5, CD2, BDCA1, CD33, and CX3CR1 (Figures 2C and S2F) . This population also expressed CD81 and the unique markers Axl and Siglec 6. We conclude that cluster 2 falls within the recently described Axl + DCs, which is a consid- Figure 2E ). This transition was accompanied by lower TCF4 expression, a TF known to maintain pDC phenotype and function (Reizis et al., 2011) . The discovery that Axl + DCs are contaminating the traditional pDC gate has brought into question some attributes of pDCs (See et al., 2017; Villani et al., 2017) , in particular, their capacity to present antigen and become cDC-like when activated. Using our flow cytometry purification strategy ( Figure S3A ), we re-evaluated this issue. Freshly isolated Axl À pDCs (''pure'') were less potent at initiating allogeneic reaction compared to cDC2s as previously described (See et al., 2017; Villani et al., 2017) . However, unlike these previous reports, we found that the antigenpresentation capability of Axl + DCs varied across the population, correlating with their similarity to pDCs or cDC2s ( Figure 2F ). We then asked whether ''pure'' pDCs could increase their antigen presentation capabilities and become cDC-like cells upon activation with CD40L and IL-3 (Grouard et al., 1997) . ''Pure'' pDCs activated for 2 days were more potent at promoting allogeneic T cell proliferation than freshly isolated pDCs (Figures 2G and 2H) . Furthermore, activated ''pure'' pDCs upregulated HLA-DR, CD80, and CD11c, suggesting their conversion to a cDC-like phenotype ( Figure 2I ). This conversion was accompanied by rapid downregulation of TCF4 ( Figures 2I and S2G ), a TF that plays a role in enforcing the immature phenotype of (H) As in (G), but expressed as fold change ± SD relative to average of freshly isolated pDCs (n = 7, 4 independent exp.).
(I) gMFI of markers and percentage CD11c + in pure Axl À pDCs cultured with CD40L+IL-3 for 0, 2, or 6 days (n = 6-7, 4-5 independent exp.).
Please see Figure S2 for additional phenotypic profiling of Axl + DCs by flow cytometry and CyTOF, and Figure S3 for sort strategy and purity. Error bars represent mean ± SD.
pDCs (Ghosh et al., 2010; Reizis et al., 2011) . Altogether, our results argue against the recent statements that pDCs are unable to become cDC-like cells through phenotypic and functional activation.
Clusters of Blood cDC2s Are Differentially Represented among Individuals
Our unbiased X-shift analysis on merged data from five individuals defined three clusters of circulating cDC2s (3, 4, and 5) . We next asked whether these cDC2 clusters were present in every donor. Thus, a viSNE contour map of the merged data ( Figure 3A , upper left) was overlaid with each donor's cells and colored by clusters. We found that cDC1s from all five individuals localized to the same position of the viSNE map, suggesting homogeneity in this subset. Similarly, pDCs and Axl + DCs were present in all donors analyzed and occupied similar regions of the viSNE map, confirming co-existence of these distinct DC subsets in the blood of healthy donors. In contrast, individual viSNE plots showed interindividual variation Please see Figure S4 for phenotypic profiling at the single cell level.
in the representation of the three cDC2 clusters. To confirm these results, we calculated the normalized frequency of each cluster across donors ( Figure 3B ). Although frequencies varied slightly, cDC1s, pDCs, and Axl + DCs were present in every donor. In contrast, the frequency of cDC2 clusters varied dramatically between individuals. Donors 3 and 5 had a predominance of cluster 4, whereas donors 1, 2, and 4 had a predominance of clusters 3 and 5. These results suggest that the observed diversity in cDC2s may be explained by different representation of each cluster among individuals.
To further dissect donor-donor variability, we analyzed the phenotypic profiles of each DC subset. We calculated PCC between donors based on cellular phenotype and represented them in a heatmap ( Figure 3C ). In accordance with their localization in the viSNE map, we found that cDC1s, pDCs, and Axl + DCs had high PCC, indicating that their phenotype was homogeneous among individuals. We found lower correlations within cDC2s, suggesting that their phenotype varied between individuals, even within the same cluster. The differences between individuals and clusters could be explained by variance in the expression of CD172a, CD32, BDCA1, and CD163 ( Figure 3D ). Indeed, cDC2 clusters displayed a range of marker expression across individuals as visualized by violin plots (Figures 3E and S4) . Altogether, our results suggest that the observed cDC2 heterogeneity is indicative of interindividual variation rather than conserved subpopulations of cDC2s. Thus, genetic variation and environmental stimuli may greatly influence the phenotype of circulating human cDC2s.
Human Skin DC Subsets Are Distinct from Blood and Lymphoid Tissues
We decided to extend our unbiased analysis to evaluate the relationship between DC subsets from blood, lymphoid organs (tonsils and spleen), and a peripheral tissue, the skin. We chose skin given its use as a vaccination site in humans. We detected significant differences in the frequency of the major DC subsets between organs ( Figure 4A ). Tonsils harbored the highest frequency of pDCs, whereas spleens harbored the greatest frequency of Axl + DCs. cDC1s and cDC2s were found in every organ analyzed, though at variable frequencies in each tissue. The highest frequency of cDC1s was in the spleen (21%), whereas cDC2s were the predominant DC subset in the skin (93%). As expected, we identified a subset of DCs corresponding to Langerhans cells (LCs) only present in the skin. To analyze DC subsets among organs, we generated a viSNE contour plot of the merged data ( Figure 4B , upper corner). This viSNE plot represents a map of DC subsets in all 4 organs and 18 individuals analyzed. We then overlaid this map with cells from each tissue colored by expression of BDCA3 and BDCA1 for the visualization of cDC1s and cDC2s, respectively ( Figure 4B ). We found that cDC1s and cDC2s from blood and lymphoid organs mapped to similar places on the viSNE map ( Figure 4B ), suggesting that these subsets have a conserved phenotype across these tissues as previously described for blood and normal spleen (Mittag et al., 2011) . In contrast, skin cDC1 and cDC2 subsets localized to different regions of the viSNE map, suggesting that skin cDCs had a different phenotype. We confirmed these results by calculating PCC displayed in a clustered heatmap ( Figure 4C ). As expected by ontogeny studies, each DC subset clustered together and had high correlation coefficients independent of the tissue analyzed. Nevertheless, skin cDC1s and skin cDC2s had lower correlations with their blood or lymphoid-organ counterparts, suggesting that skin-derived signals likely influence the phenotype of cDC subsets. We then investigated which markers were differentially expressed in skin cDCs ( Figure 4D ).
Compared to blood and lymphoid-organ cDC1s, skin cDC1s expressed significantly more CD1a, CD83, HLA-DR, and BDCA1. Furthermore, skin cDC1s expressed less CD11c and CD135 than blood cDC1s. CLEC9A expression, which is a blood cDC1 discriminatory marker (Villani et al., 2017) , was expressed much less in tonsil and undetectable in skin cDC1s. Similarly, skin cDC2s were distinguished from blood and lymphoid tissue cDC2s by expression of several markers including CD11b, CD123, CD206, CD1a, and CD83. Altogether, our CyTOF analysis indicates that the skin imprints a distinct phenotype on cDC subsets.
Human Skin DC Subsets Exhibit Interindividual Diversity
Although skin cDC subsets differed from blood and lymphoidorgan cDCs, it was unclear whether they were homogeneous among individuals. Therefore, we investigated skin cDCs by visualizing individual viSNE plots and analyzing variance across donors (Figures 5 and S5 ). Unlike blood, we were unable to detect three clusters of cDC2s. We observed donor-specific patterns in skin cDC2s, with little overlap in the viSNE maps, again indicating phenotypic heterogeneity among individuals. On the other hand, there was much less interindividual heterogeneity in skin cDC1s and LCs. These observations were confirmed by calculating PCC based on cellular phenotype ( Figures  S5A-S5C) .
We then asked which markers displayed variance between individuals ( Figures 5D and 5E ). We found that variance in cDC2s was based on expression of CD1a, CD32, and CD172a, receptors involved in antigen uptake and presentation. We also observed interindividual variability in the expression of CD83 and ICOSL, which are co-stimulatory and co-inhibitory molecules, respectively. LCs and cDC1s showed variance in fewer markers, e.g., Langerin. From these results, we concluded that the skin harbors DC subsets that are heterogeneous among individuals, especially cDC2s. This interindividual variation can be explained by the different expression of molecules involved in antigen uptake, presentation, and T cell co-stimulation and inhibition.
Ex Vivo Generated Monocyte-Derived DCs Do Not Represent Blood or Tissue DC Subsets DCs generated from monocytes (moDCs) have shown limited therapeutic efficacy (Palucka and Banchereau, 2013) . This phenomenon has been attributed to the lack of similarities between moDCs and tissue DC subsets. Importantly, the in vivo equivalent of moDCs has only been examined so far using a few parameters by flow cytometry and more recently by global transcriptome analysis of gene expression (Balan et al., 2014) . Given the highdimensional single-cell nature of our approach that allows the unbiased identification of DC subsets based on protein expression, we inquired as to the in vivo equivalents of moDCs. Monocytes cultured for 5 days in the presence of GM-CSF and IL-4 gave rise to a homogeneous population of cells expressing DC-SIGN, one of the hallmark surface markers of moDCs ( Figure 6A ). (A) viSNE contour map of merged skin data (n = 7, 5 independent exp.) was overlaid with a plot for each donor (D1-D7). DC subsets were manually annotated. (B) Heatmap of marker variance across donors (n = 7) in skin DC subsets. (C) Violin plots of highly variable surface markers in skin DCs. Each dot represents a donor. Please see Figure S5 for PCC of skin DC subsets.
We then analyzed moDCs by CyTOF and compared them with DC subsets from blood, lymphoid tissues, and skin. PCA showed that moDCs were distinct from any in vivo populations, located far from blood monocytes, as well as blood and tissue DC subsets ( Figure 6B ). This separation of moDCs was explained by their differential expression of many cellular markers including CD172a, CD163, and CD115 ( Figure S6 ). Of note, skin DC subsets (cDC1s, cDC2s, and LCs) were clearly segregated from blood and lymphoid organ DC subsets, confirming our previous results (Figure 4) .
We then visualized moDCs together with blood and skin DC subsets on a viSNE map ( Figure 6C ). Even though moDCs express prototypic DC markers such as CD11c and HLA-DR, these cells did not overlap with any DC subset. We conclude that as a population of cells generated ex vivo, moDCs are not representative of any DC subsets present in healthy individuals in vivo.
Skin Explants Serve as a Tool to Evaluate DC Receptors for Therapeutic Targets DCs express several C-type lectins that act as antigen uptake receptors. These receptors have been exploited as targets for antigen delivery using mAb as carriers. So far, these anti-receptor mAbs have been administered subcutaneously (s.c.) or intradermally (i.d.) in humans, targeting mainly skin DC subsets. However, the expression of these receptors has mostly been analyzed in moDCs or blood DCs. Given our observed DC variation among donors and tissues, we evaluated the expression of uptake receptors in skin DC subsets. We used viSNE (Figure S7A ) and violin ( Figure 7A ) plots to depict the expression of each receptor. Surprisingly, we found that the expression of most of these receptors varied slightly among donors but was not conserved between tissues. DEC205 was detected in most myeloid cells analyzed, with higher expression in blood than skin. Dectin1 and CD206 were highly expressed by skin macrophages, cDC1s, and cDC2s; however, blood cDC2s almost completely lacked expression of either of these receptors. Similarly, CLEC9A was present in blood cDC1s but completely absent in skin cDC1s. As expected, Langerin was robustly expressed on LCs. XCR1 expression was very low and restricted to a fraction of cDC1s in blood and skin. Our results show that skin DC subsets have a specific pattern of C-type lectins that is not shared with blood DCs as previously assumed.
We next designed a strategy to evaluate the uptake of anti-receptor mAb by CyTOF using skin explants ( Figure 7B ). We found that metal-conjugated mAb injected i.d. were efficiently uptaken by skin DC subsets, and the capture pattern recapitulated the expression of the surface receptor in each DC subset (''Stained'' versus ''Inoculated''; Figure 7B ). We further corroborated these results by flow cytometry and confirmed receptor specificity using control mAb without receptor affinity (Figure S7B) . As expected, anti-Langerin mAb were captured by LCs, whereas anti-DEC205, -Dectin1, and -CD206 were captured by cDC1s, cDC2s, and macrophages. Finally, anti-XCR1 mAb were only captured by a small number of skin cDC1s, whereas anti-CLEC9A mAb were not captured by any DC subsets, consistent with the lack of CLEC9A expression in the skin ( Figure 4D ). Figure 4 . Ellipse marks 95% confidence region for each cell type. (C) viSNE contour map generated from merged blood, skin, and moDCs (n = 2-7, 2-5 independent exp.) data was overlaid with each sample type (columns), colored by marker expression (rows). Please see Figure S6 for PCA variance.
We and others have reported in mice that mAbs against Clec9A are efficiently captured by splenic CD8 + cDC1s (Idoyaga et al., 2011) , but Clec9A targeting has not been reported to our knowledge in CD103 + skin migratory cDC1s. Thus, we revised anti-Clec9A mAb targeting ( Figure 7C ). Confirming our human findings, we found that anti-Clec9A mAbs were efficiently captured by CD8 + lymphoid-resident cDC1s, but not by CD103 + skin migratory cDC1s. These results validate that CLEC9A is not expressed by skin cDC1s in both humans and mice. Altogether, we have demonstrated that human skin explants combined with CyTOF provide a reliable model to study anti-receptor mAb targeting to distinct DC subsets in situ. Furthermore, we show that care should be taken when extrapolating surface receptor expression results from blood to skin DC subsets, from RNA to protein expression, or from mouse to human. Importantly, although uptake receptors are differentially ex- pressed between tissues, we found only slight heterogeneity among individuals, supporting the use of these receptors as targets for in vivo DC subset-based therapies administered i.d.
DISCUSSION
An active area of research in DC immunobiology has been the classification and alignment of DC subsets among species and tissues, for which transcriptome analysis and ontogeny have been powerful assets See et al., 2017; Villani et al., 2017) . However, it remains unclear whether DC subsets that share the same ontogeny have conserved phenotypic characteristics when exposed to distinct external cues. To address this question, we characterized phenotypic adaptations of human DC subsets through comprehensive protein profiling at a single-cell resolution. Our dataset reveals striking differences in the phenotype of human DC subsets among individuals and tissues that, to our knowledge, have not been reported with transcriptome or flow cytometry analysis. Furthermore, our study unmasks diversity in the human DC network critical for the development of new therapeutic strategies.
There is no doubt that ontogeny plays an important role in determining DC lineages; however, we found that donor-specific cues are also involved in fine-tuning each subset's phenotype. We observed that blood and skin cDC2s were the most heterogeneous DCs among individuals. In blood, cDC2s could be grouped in three distinct clusters based on CD172a and CD163 expression; however, these clusters were differentially represented in each donor. Furthermore, circulating cDC2s did not correlate with skin cDC2s, arguing against the presence of subsets in healthy humans. A recent study identified two cDC2 subpopulations based on CD163 and CD32 expression (Villani et al., 2017) ; however, only one individual was analyzed. It is not our main aim here to take a position on whether human cDC2s should be further divided based on their ontogeny and function, but rather to bring to light the limitations in the approaches used until now to analyze these cells. These limitations include the number of parameters used by flow cytometry (<12), the few a priori-determined parameters used to isolate DC subsets for transcriptome analysis, and the number of donors and tissues analyzed. Our analysis of several healthy donors and tissues argues against the existence of cDC2 subpopulations and favors the hypothesis that cDC2s exist in a continuum of cellular phenotypes among donors. This scenario may be different during inflammation, when cDC2s could stem from both DC precursors and monocytes (Menezes et al., 2016) . Nevertheless, interindividual heterogeneity in cDC2s may have important functional consequences. Indeed, the capacity of cDC2s to crosspresent antigen is still unclear (Palucka and Banchereau, 2013) but may be modulated by phenotypically and functionally distinct cDC2s present in some individuals, but not all.
Our CyTOF analysis allowed us to independently identify a cluster of cells localized at the intersection of pDCs and cDC2s, demonstrating that this analysis is sufficiently powered to distinguish small populations. Further assessment revealed that this cluster coincides with previously described pDC subsets (Matsui et al., 2009; Zhang et al., 2017) and the recently identified Axl + DCs (Villani et al., 2017) . The origin of Axl + DCs is still a matter of debate. Villani et al. (2017) describe these cells as a distinct subset based on their function and limited proliferation capacity. In contrast, See et al. (2017) argue that these cells are circulating DC progenitors. We found that healthy skin lacks Axl + DCs, a tissue known to also lack pDCs (Gregorio et al., 2010) but not DC progenitors . On the other hand, lymphoid organs harbor both pDCs and Axl + DCs. These observations position Axl + DCs more closely to pDCs and argue against these cells being DC progenitors. Further studies will be required to dissect the origin, function, and plasticity of this newly identified population in human health and disease. We found that Axl + DCs were not a homogeneous population. Their phenotype ranged from pDC-to cDC-like and correlated with their capacity to present antigen. We also found variation in TCF4 expression within this population, with cells more similar to pDCs expressing more TCF4. TCF4 is required to maintain a pDC phenotype (Reizis et al., 2011) , and its loss causes acquisition of a cDC-like phenotype (Ghosh et al., 2010) , which can explain the continuum of phenotypes observed among Axl + DCs. We also showed that the capacity of pDCs to promote the proliferation of allogeneic T cells is not solely attributable to Axl + contamination; rather, ''pure'' pDCs require activation with CD40L and IL-3 to become potent antigen-presenting cells, which is associated with TCF4 downregulation and acquisition of a cDC-like phenotype. These results agree with a model in which TCF4 represses the cDC developmental program in human pDCs as previously suggested (Reizis et al., 2011) . Considering their TCF4 expression and transitional pDC to cDC phenotype, it is possible that circulating TCF4 lo Axl + DCs represent in situ plasticity of the pDC lineage.
We analyzed skin DCs because of the broad adoption of this tissue for human immunization. We opted to analyze adult skin rather than newborn foreskin given that adults are the target population for DC-based vaccines. We found CyTOF to be uniquely suited to analyze this tissue. First, the number of parameters allowed by CyTOF facilitated the use of unbiased analysis methods. Second, minor populations were not excluded based on pre-determined conceptions about phenotype. Finally, skin tissue auto-fluorescence that confounds flow cytometry analysis (Haniffa et al., 2012) is absent from CyTOF. Our analysis reveals that skin cDC1s and cDC2s do not overlap with their blood or lymphoid-organ homologs, suggesting that the phenotype of human DC subsets is in part dictated by environmental cues. There is evidence in mice that tissue signals can fine-tune the phenotype and function of myeloid cells (Lavin et al., 2015) . The high genetic and environmental diversity inherent in human populations may have a more critical role in determining human DC subsets' phenotype and possibly function. Understanding the functional specialization of DC subsets imprinted in the skin is imperative for harnessing these cells effectively.
Our cross-sectional sampling of de-identified human skin did not allow us to dissect the sources of observed heterogeneity in cDC2s, which could include age, gender, and anatomical location of the samples. We cannot eliminate the possibility of pathology; yet, various observations argued against heterogeneity based merely on immune status. First, our skin samples had no visible abnormalities. Second, while cDC2 phenotype was heterogeneous, skin LC and cDC1 phenotypes were fairly conserved among individuals. This observation was in line with the heterogeneity observed in blood cDC2s, samples obtained from young healthy donors. Finally, we did not find pDCs in the skin, cells reported to be present in the skin during pathological states (Gregorio et al., 2010) . A potential caveat of tissue cell suspension analysis is the need of enzymatic digestion, which could cleave surface receptors. We showed that the expression of several uptake receptors was equivalent during staining of cell suspensions or mAb inoculation in undigested skin explants, which suggests that our digestion procedure supports littleto-no cleavage of surface markers. Further studies will aim to understand the source of interindividual heterogeneity and investigate its association with health and disease.
Although moDCs have been FDA approved for cancer therapeutics, this strategy has shown limited efficacy (Palucka and Banchereau, 2013) . This failure has been attributed to several factors including uncharacterized differences between moDCs and in situ DCs. Indeed, our CyTOF analysis showed that moDCs do not overlap with any DC subset localized in human tissues. An alternative to moDCs is the targeting of in situ DC subsets using anti-receptor mAbs as carriers for vaccine components. Our study highlights previously unappreciated variation in the expression of surface receptors between blood and skin DC subsets. For instance, CLEC9A has been suggested as a target for human cDC1s (Tullett et al., 2016 ); yet, we found CLEC9A to be absent in skin cDC1s. This observation agrees with the previously observed lack of CLEC9A staining in human migratory DCs (Segura et al., 2012) and argues that CLEC9A expression in skin cDC1s may be only at the RNA level (Haniffa et al., 2012) . Of note, cDC1s are known to reduce expression of CLEC9A during development (Schraml et al., 2013) , which could explain its lack of expression in the skin. Alternatively, different isoforms of CLEC9A that cannot be detected with the same mAb may be present in each tissue (Han c et al., 2016) .
Our CyTOF analysis detected Langerin expression only in LCs. Recently, Langerin was reported in another subpopulation of skin cDC2s (Bigley et al., 2015) . This discrepancy may represent sensitivity differences between flow cytometry and CyTOF, a transitional state of LCs found in only some donors, or variation in body sites analyzed. Nonetheless, the specificity of Langerin expression could be exploited therapeutically. Unlike mouse LCs, human LCs are reported to cross-present antigen and prime CD8 + T cells (Klechevsky et al., 2008) . In future studies, we will test whether this can be achieved by antigen targeting using anti-Langerin mAb.
In humans, humoral and T cell responses can be induced by antigen delivery using mAbs that are captured by both cDC1s and cDC2s, i.e., anti-CD206 and -DEC205 Morse et al., 2011) . These observations re-open the long-standing debate of antigen delivery to multiple versus specific DC subsets as a vaccine strategy for immunization. Mouse studies have shown that the priming of CD8 + and CD4 + T cells is similar whether anti-receptor mAb deliver antigen only to cDC1s or to multiple other DC subsets at the same time (Idoyaga et al., 2011) . On the other hand, the use of anti-receptor mAb as a therapeutic strategy for autoimmunity may require the delivery of antigen to distinct tolerogenic DC subsets (Idoyaga et al., 2013) .
Our study opens an important portal into human DC biology and therapeutics. The next steps should aim to understand the environmental and genetic cues that determine differences in human DC subset phenotype and function among individuals and tissues. Understanding the foundations of human DC diversity and the consequences of this heterogeneity for the induction of adaptive immune responses may hold the key to developing personalized immunotherapies.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
METHOD DETAILS
Preparation of PBMCs and monocyte-derived DCs Blood was collected using EDTA-coated tubes (BD Biosciences). PBMCs were isolated by density gradient centrifugation using Ficoll-Paque PLUS (GE Healthcare). Cells were washed with PBS, counted and cryopreserved in liquid nitrogen at a concentration of 4-8x10 6 cells per mL in freezing medium (90%FBS-10%DMSO) until assay time. For differentiation of moDCs, CD14 + monocytes were separated from PBMCs using anti-CD14 magnetic beads and LS columns (Miltenyi Biotec) following manufacturer's protocol. This resulted in > 95% CD14 + monocytes as determined by FACS analysis (not shown). Purified CD14 + monocytes were incubated in a six-well culture plate (1x10 6 cells/mL) in RPMI 1640 medium containing 5% heat-inactivated human serum (Gem Cell), 2mM
L-glutamine (Corning), 100 IU Penicillin (Corning), 100 mg/mL Streptomycin (Corning), 50 ng/mL GM-CSF (Peprotech) and 25 ng/mL IL-4 (R&D or Peprotech). Fresh medium was added at day 2 and 4 of culture. moDCs were analyzed at day 5, when > 95% of the cells expressed CD11c and HLA-DR.
Preparation of human tissue cell suspensions Skin was cleaned by removing subcutaneous tissue and cut into 1x1cm pieces with a scalpel. Skin was digested overnight (12-16h) with 1 mg/mL Collagenase IV (Worthington) and 0.05 mg/mL DNase I (Roche) in RPMI containing 10% FBS, 2mM L-glutamine, 100 IU Penicillin and 100 mg/mL Streptomycin. Incubation was done at 37 C with continuous shaking. Digestion was stopped by adding 5 mM EDTA (Corning). Cell suspension was washed with RPMI containing 10% FBS (GIBCO) and filtered through 100 mm cell strainers. CD45 + cells were counted using CountBright Absolute Counting beads (ThermoFisher Scientific) and cryopreserved at a concentration of 2x10 6 CD45 + cells per /mL in freezing medium. Tonsil was cut in small pieces (0.2x0.2 cm) and minced with castro scissors. Pieces were transferred to a 100 mm strainer, pushed with a syringe plunger and rinsed with RPMI containing 10% FBS. 3 g of spleen were perfused with 10 mL of digestion medium consisting of RPMI containing 10% FBS, 2mM L-glutamine (Corning), 100 IU Penicillin, 100 mg/mL Streptomycin (Corning), 0.8 mg/mL Collagenase IV and 0.05 mg/mL DNase I. After perfusion, spleen was cut in small pieces and incubated in digestion medium for 30 min at 37 C with continuous shaking. Digestion was stopped by adding 5 mM EDTA. Cell suspensions were filtered through 100 mm cell strainers, centrifuged and enriched in PBMCs by density gradient centrifugation using Ficoll-Paque PLUS.
Tissue leukocyte enrichment Skin cell suspensions were thawed and incubated with 50 mg/mL human gamma-globulin (ThermoFisher Scientific) to block nonspecific binding. Cell suspensions were incubated with purified mAb against TE-7 (EMD Millipore), CD140a (clone aR1, BD Biosciences), DARC (R&D Systems) and desmoglein-3 (clone 5G11, ThermoFisher Scientific), following incubation with anti-mouse magnetic Dynabeads (Thermo Scientific) at a concentration of 10 magnetic beads per target cell, and following manufacturer's instructions. Tonsil and spleen cell suspensions were thawed and incubated with 50 mg/mL human gamma-globulin (ThermoFisher Scientific) to block nonspecific binding. Cell suspensions were incubated with purified mAb against CD3 (OKT3) and CD20 (2H7), followed by anti-mouse magnetic beads (Dynabeads, ThermoScientific) at a concentration of 4 beads per target cell.
Cell sorting
Buffy coats and LRS chambers were obtained from healthy adult donors (< 40 years old). PBMCs were isolated with Ficoll-Paque PLUS density gradient centrifugation as described above. Next, myeloid cells were negatively enriched using mAb against CD3 (OKT3), CD19 (HIB19), CD14 (HCD14), CD335 (9E2), and CD66b (G10F5) followed by anti-mouse magnetic beads (Dynabeads, ThermoScientific) at a concentration of 2-4 beads per target cell. Cells were sorted to > 99% purity (see Figure S3 ) using a FACSAria Fusion cell sorter (BD Biosciences) in the Stanford Shared FACS Facility. For purification of Axl -pDCs (''pure pDCs''), PBMCs were first enriched via negative selection using pDC Isolation Kit II (Miltenyi Biotec) following manufacturer's instructions and further sorted to 99% purity based on the expression of BDCA4 and lack of Axl.
Stimulation of Purified pDCs
''Pure'' pDCs were cultured in 200mL complete R10 media containing 10% FBS, 2mM L-glutamine (Corning), 100 IU Penicillin, 100 mg/mL Streptomycin (Corning), 25mM HEPES (Corning), 1mM Sodium Pyruvate (Corning), 100 mM MEM Nonessential Amino Acids (Corning) and 55 mM 2-Mercaptoethanol (GIBCO) in 96 well U-bottom plates. Cells were stimulated with 10ng/mL IL-3 (R&D) plus recombinant human 200ng/mL CD40L (R&D).
Mixed Leukocyte Reaction
PBMCs obtained by gradient centrifugation with Ficoll-Paque Plus were washed twice with PBS. A maximum of 10 7 cells were resuspended in 1.7nM CFSE (Sigma), incubated at 37 C in a water bath for 10 min and washed with MACS solution (2% BSA from Sigma plus 2nM EDTA in PBS). After CFSE labeling, T cells were obtained using Pan T Cell Isolation Kit (MACS Miltenyi Biotec), according to manufacturer's instructions. DCs were sorted following the gating strategy shown in Figure S3 . For each subset, 5,000 DCs were plated with 100,000 CFSE labeled T cells (1:20 ratio). Percentage and number of proliferated T cells were analyzed at day 5. In some cases, ''pure'' (Axl -) pDCs were cultured for 2-6 days with CD40L+IL3, after which, cells were re-counted and plated with allogeneic T cells (1:20 ratio) in the presence of CD40L+ IL3. Same T cell donor was used to perform the experiments with freshly-isolated versus activated pDCs. Results expressed as frequency of CFSE lo T cells, total number of CFSE lo T cells, or fold change relative to the average frequency of CFSE lo T cells cultured with freshly-isolated pDCs.
Staining cell suspensions for CyTOF and FACS Metal-conjugated mAb were obtained from Fluidigm or labeled using MaxPar X8 labeling kit (Fluidigm) according to manufacturer's instructions (see Table S1 ). Anti-DEC205 (3G9) and the corresponding isotype control were generously provided by Celldex Therapeutics. mAb for FACS were purchased from Biolegend, R&D and eBiosciences (see Table S2 ). For FACS analysis, cryopreserved samples were thawed and washed twice with media containing benzonase 25x10 8 U/mL (Pierce mAb) followed by incubation with human gamma-globulin to block nonspecific binding for 15 minutes on ice. Cells were incubated with antibody mixes in human FACS buffer (2mM EDTA, 2% Donor equine serum in PBS) for 20 minutes on ice. Cells were acquired on a 5-laser LSRFortessa X20 (BD Biosciences). Control samples included unstained and single-fluorochrome-stained compensation beads (BD Biosciences) for accurate compensation, and fluorescence minus one (FMO) for DC markers. FACS data were analyzed using FlowJo software (Tree Star, Inc.). Histograms display the geometric mean fluorescence intensity (gMFI) or median fluorescence intensity (MFI). For mass cytometry analysis, thawed samples were stained with 1 mL of 0.25 mM cisplatin (Fluidigm) for 5 min at room temperature to exclude dead cells. Cells were then washed with CyFACS buffer (BSA 1%, EDTA 2mM in PBS) and stained with heavy-metallabeled mAb cocktail for 30 min on ice. Cells were washed twice with CyFACS then fixed with 2% fresh paraformaldehyde (SIGMA) in PBS overnight. After fixation, cells were permeabilized with Perm/wash buffer (eBioscience) and stained with intracellular mAb for 30 minutes in ice. After washing, cells were incubated with Iridium intercalator 125nM (Fluidigm) for 20 minutes in PBS. Cells were washed with water, filtered and acquired in a CyTOF2 (Fluidigm).
Targeting in situ assays Skin was cleaned from subcutaneous tissue and cut in 2 cm x 2 cm pieces. 0.3 mg of monoclonal antibodies (mAb) against surface receptors (or the corresponding control antibody without receptor affinity) were injected intradermally (i.d.) in two different sites (25 mL per site). Skin was incubated at 37 C for 6h in complete RPMI medium. After incubation, skin was processed, digested and stained as described above.
In vivo Clec9A Targeting Anti-Clec9A (10B4) and control Ig (GL117) mAb were labeled with Alexa 647 per the manufacturer's instructions (Life Technologies) as previously described (Idoyaga et al., 2011) . C57BL/6 mice were inoculated with 10 mg of Alexa 647-labeled mAb s.c. in the footpad and euthanized 24h later. Skin draining lymph nodes were harvested and single cells suspensions were obtained by enzymatic digestion for 25 min at 37 C in Hanks' buffer (Life Technologies) containing 400 units/mL Collagenase D (Roche) and 50 mg/mL DNaseI (Roche). A total of 5 mM EDTA (Life Technologies) was added for the last 5 min. Cell suspensions were washed, incubated for 10 min at 4 C with 2.4G2 mAb to block Fc receptors, and stained with mAb against surface molecules for 20 min at 4 C. Stained cells were acquired on a LSRFortessa X20, and data were analyzed with FlowJo Software. For gating strategy, please see (Idoyaga et al., 2013) .
Quantification and Statistical Analysis
CyTOF2 files were exported as .fsc and normalized using the Nolan Lab's normalizer (https://github.com/nolanlab/ bead-normalization). Events were gated in FlowJo to identify leukocytes (CD45 + ) that were lineage negative (CD3 -CD19 -CD335
and CD66b -to exclude T, B, NK cells and granulocytes, respectively) and not monocytes (CD16 -CD14 -) in blood and lymphoid organs. For X-shift clustering analysis, .fcs were imported and transformed in Vortex (Samusik et al., 2016) using 5,000 events for each donor. All CyTOF data was transformed using hyperbolic arcsin (asinh x/5). Clustering analysis was performed using Euclidean distances in X-shift and the number of neighbors for density estimate (K) value was selected based on the elbow point cluster number in each analysis. Events expressing HLA-DR -/lo in blood were merged into a single cluster. For visualization, .fcs files from individual donors were exported from Vortex and processed using the CYT (SightOf) implementation for MATLAB (Amir et al., 2013) . For viSNE maps in Figures 4 and 6 , all donors were merged and 15,000 events from each tissue were used to build the map. viSNE contour plots were used as a reference map. Events from individual donors or organs were then plotted and overlaid into the reference viSNE map. Values corresponding to the median intensity of expression for all CyTOF data were obtained from Vortex and used for further statistical analysis. For statistical analysis of MLR comparing different DC populations, a one-way ANOVA plus Tukey's multiple comparison post-test correction was performed. For analysis of MLR before and after ''pure'' pDC activation, a paired Student's t test was run. To compare the median intensities between organs, an unpaired Student's t test was performed. All statistical tests run with GraphPad Prism 6. Statistical significance was annotated as follows: *p < 0.05, **p < 0.01, ***p < 0.001. Principal Component Analysis (PCA) was performed and visualized in R using prcomp and the rgl package. Pearson correlation coefficient (PCC) heatmaps were calculated in R and visualized with the corrplot package. Violin plots and expression heatmaps were drawn with the ggplot2 package.
